Abstract-This paper presents an approach to measure human subcutaneous fat thickness automatically using ultrasound radio frequency (RF) signals. We propose using spatially compounded spectrum properties extracted from the RF signals of ultrasound for the purpose of fat boundary detection. Our fat detection framework consists of 4 main steps. The first step is to capture RF data from 11 ultrasound beam angles and at 4 different focal positions. Second, spectrum dispersion is calculated from the local spectrum of RF data using the shorttime Fourier transform and moment analysis. The values of the spectrum dispersion are encoded as gray-scale parametric images. Third, averaging is used to reduce speckle noise in the parametric image and improve the visualization of the subcutaneous fat layer. Finally, we apply Rosin's thresholding and random sample consensus boundary detection to extract the fat boundary. Our method was applied on 36 samples obtained in vivo at the suprailiac, thigh, and triceps of 9 human participants. In our study, high correlations between the manual and automatic ultrasound measurements (r > 0.7 at all body sites), and between the skinfold caliper and automatic ultrasound measurements (r > 0.7 at all body sites) were observed. I. Introduction s ubcutaneous fat thickness is accepted as a body fat indicator because about 40 to 60% of total body fat is in the subcutaneous regions [1] . Early interest in measuring human body fat distribution can be dated back to 1921 when Matiegka [2] developed body fat predictive equations from subcutaneous fat skinfold thickness, body length, width, and circumferences. Body fat analysis has been useful in assessing obesity to prevent health risks, monitoring athletes' health status for giving appropriate nutritional counseling, and monitoring body shapes and weight for sports competition such as gymnastics and wrestling. In addition, our modern culture and fashion industry tend to equate beauty with body shape and slimness. People who work hard to keep fit often want to know their fat distribution. Under these social and psychological influences, there is a demand for monitoring body fat distribution, not only to minimize health problems, but also to improve physical appearance.
I. Introduction s ubcutaneous fat thickness is accepted as a body fat indicator because about 40 to 60% of total body fat is in the subcutaneous regions [1] . Early interest in measuring human body fat distribution can be dated back to 1921 when Matiegka [2] developed body fat predictive equations from subcutaneous fat skinfold thickness, body length, width, and circumferences. Body fat analysis has been useful in assessing obesity to prevent health risks, monitoring athletes' health status for giving appropriate nutritional counseling, and monitoring body shapes and weight for sports competition such as gymnastics and wrestling. In addition, our modern culture and fashion industry tend to equate beauty with body shape and slimness. People who work hard to keep fit often want to know their fat distribution. Under these social and psychological influences, there is a demand for monitoring body fat distribution, not only to minimize health problems, but also to improve physical appearance.
skinfold caliper measurement [3] , [4] , body density estimation [5] , and bioelectrical impedance analysis [6] have been popular methods for assessing body fat, but they lack accuracy and repeatability. recent advances in measuring body fat include the introduction of clinical imaging techniques such as computed tomography (cT), magnetic resonance imaging, and ultrasound. These techniques produce images of human anatomy and provide a potentially more accurate measurement technique. among these imaging techniques, ultrasound imaging was chosen for this study because of its portability, safety, and relative low cost.
diagnostic ultrasound is a noninvasive imaging device used mainly for clinical diagnostics involving organs and soft tissue. recently, interest has grown in assessing body composition using ultrasound-in particular measuring the thickness of subcutaneous fat. However, all these previous methods have involved the manual analysis of ultrasound data to extract quantitative measurements. For example, researchers proposed to use ultrasound to overcome the drawbacks of compressibility and elasticity in skinfold caliper measurements [3] . others proposed using ultrasound for measuring the thickness of subcutaneous fat of obese persons [7] and on elderly people, or at sites that are not convenient for skinfold caliper measurement [8] . Perin et al. [9] evaluated the occurrence of natural variations in thigh and abdominal subcutaneous fat thickness related to the phases of the menstrual cycle by using ultrasound measurements. In animals, ultrasound was used to predict intramuscular fat percentage at regions of interest by texture analysis in live swine [10] . Meanwhile, abe et al. [11] attempted to calculate the subcutaneous fat volume by multiplying the fat thickness obtained from B-mode ultrasound by the skin surface area. In wrestling, saito et al. [12] measured the subcutaneous fat thickness of wrestlers at specific body sites and developed equations to predict the percentage of body fat. This paper investigates the possibility of automatic detection of human subcutaneous fat with ultrasound. although ultrasound technology has been used to measure subcutaneous fat for a few decades, little published work is available that is related to the automatic detection of human subcutaneous fat in vivo. Indeed, only glasbey et al. [13] investigated the automatic interpretation of subcutaneous fat in sheep using B-mode imaging. However, their automatic method interpreted fat boundaries at only 2 locations: the last rib and the third lumbar vertebra. at these 2 locations, the anatomy and the fat texture are relatively simple. Therefore, the skin boundary can be presumed as the first interface with bright echoes and the fat boundary can be presumed as the second interface with bright echoes. automatic detection can overcome the tedious task of manual detection, reduce the discrepancy among judgments of different operators, and standardize the measurement technique. We believe the automatic detection of fat thickness using ultrasound will help to bring the technology into more applications by making it more user-friendly.
Fat, also known as adipose tissue, is a layer of loose connective tissue specialized for storing lipids. Fat cells are held together by thin fibrous membranes of connective tissue. connective tissue in fat usually appears as thin and relatively sparse collagen fibers. Fat cells that are found in humans (white adipose tissue) are also known as adipocytes. They consist mainly of lipids (80% of a fat cell) and can range up to 120 μ in diameter [14] . Fat cells are spherical in shape when isolated. However, they are usually packed to form a meshwork and become polyhedral in shape. In terms of speed of sound, fat has a relatively low speed of sound (~1480 ms −1 ) compared with other human soft tissue, while connective tissue (~1613 ms −1 ) has a relatively high speed of sound. Therefore, fat tissue is highly heterogeneous and may cause ultrasonic wavefront distortion [15] . Moreover, previous research has also shown that different types of fat tissues have dissimilar acoustic properties. For example, greenleaf and Bahn [16] investigated fat in the breast using transmissive ultrasound cT and found that an increase in the number of collagen fibers in fat content would increase its speed of sound and its attenuation. landini and sarnelli [17] also found that the attenuation coefficient is lower for tissues with a large predominance of fat cells, and this increases with more collagen fiber content.
In a typical ultrasound B-mode image ( Fig. 1) , human subcutaneous fat is separated from the next soft tissue layer (usually the muscle) by a continuous white layer called fascia. This layer usually generates a strong reflection of the ultrasound pulse and is referred to as the fat boundary. connective tissues are also dispersed within the fat tissue.
segmentation of fat is a challenging problem due to the variations in fat structure. In particular, the variations in echogenicity, size, and density of connective tissue among different people and body sites make it difficult to distinguish clearly the fat layer in B-mode images alone. several authors have also reported that heterogeneity of subcutaneous adipose tissue was observed in ultrasound and X-ray images [18] , [19] . Fig. 2 shows the variable appearance of the subcutaneous fat layer in B-mode images.
In this study, the thickness of the subcutaneous fat layer is defined as starting with and including the dermis of the skin and ending at the continuous white layer, which is the fascia. When the layer of subcutaneous fat is homogeneous, it usually appears to be less echogenic than other tissue layers such as muscles; see Fig. 2(a) . Because fibrous membranes of connective tissue, whose length, thickness, and density vary between people and body sites, the layer of subcutaneous fat can be more echogenic in the presence of thicker connective tissue; see Fig. 2 (b) and (c). In our experience, subcutaneous fat at the suprailiac site, as shown in Fig. 2(a) , is usually more homogeneous (with less or thinner connective tissue) than at the triceps and thigh. at the triceps and thigh, as shown in Fig. 2(b) and (c), the layer of fat usually consists of longer, thicker, and denser connective tissues.
conventional B-mode ultrasound images describe tissue structure only in terms of echogenicity and texture. Based on our observations, the fat tissue is not consistent in terms of texture and brightness; therefore, image segmentation of subcutaneous fat is difficult when applied to B-mode images. B-mode images are created by converting the rF ultrasound echoes into brightness mode images using envelope detection. The rF signals retain the frequency, phase, and amplitude information lost in B-mode conversion. several authors [20] [21] [22] have successfully used the properties of the local rF spectrum, such as the local mean frequency and integrated backscatter, for ultrasound image segmentation.
statistical fluctuations exist in backscattered rF signals due to speckle noise and heterogeneity in tissues, leading to noisy spectrum properties. spatial compounding has been a popular method to reduce speckle and improve boundary continuity in B-mode images [23] [24] [25] [26] . recently, it was also applied to reduce the variance of displacement estimations in elastography [27] , to improve temperature estimations due to the effect of thermo-acoustic lenses in high-intensity focused ultrasound [28] , and to reduce the variance of attenuation measurements in attenuation imaging [29] . In this work, compound imaging is used to ng et al.: automatic measurement of human subcutaneous fat with ultrasound improve the estimations of rF spectrum properties for fat detection.
We propose to use the spectrum dispersion of the power spectrum as a parameter to detect the subcutaneous fat layer. The spectrum dispersion represents the deviation of spectrum values from the central frequency within a bandwidth; a larger value corresponds to a higher uncertainty for the estimation of the central frequency. This paper is organized as follows: in section II, we present the calculations of the spectrum dispersion and the use of spatial compounding. In section III, the human subcutaneous fat detection framework is proposed. In section IV, the results of a small study are demonstrated and discussed. Finally, conclusions and limitations of the detection algorithm are presented in section V.
II. spatial compounding of spectrum Properties of Human subcutaneous Fat

A. Calculation of Spectrum Properties
The spectrum property that we use to classify fat is the spectrum dispersion. It provides the deviation of spectrum values from the mean central frequency and gives the uncertainty measurement for the estimation of the mean central frequency [30] . It can potentially describe the shape and bandwidth of the power spectrum, which varies among different soft tissues. To our knowledge, this spectrum property is rarely used when investigating tissue properties in ultrasound. Bylund et al. [31] discovered that the estimated spectrum variance was low at the reverberation artifact locations [32] .
The spectrum dispersion is calculated for each local spectrum using the short time Fourier transform (sTFT), and their relationships with the subcutaneous fat layer is inferred. The sTFT is performed on each rF scan line that is sampled at 40 MHz. data were collected with a transducer operated at a transmit frequency of 6.6 MHz. The axial resolution (ar) for a 3-cycle pulse with a pulse wavelength (λ) can be calculated as follows:
where c is the speed of sound and f o is the central transmit frequency of the transducer. From (1), the axial resolution of a 6.6 MHz transducer is 0.35 mm. a window, which consists of 32 samples, is shifted down in depth with a 50% overlapping of the previous window. The window size of 32 samples, which corresponds to 0.62 mm, is approximately twice the axial resolution of the transducer. Then, a Hamming window and discrete Fourier transform (dFT) are applied to the window to obtain the power spectrum. The spectrum dispersion is calculated within a bandwidth F but not the entire power spectrum S(f). The purpose is to eliminate unwanted frequencies that are considered to be nonsignificant data. We use f from 0.5 MHz (F min ) to 11 MHz (F max ) for data obtained from a transducer with 6.6 MHz central frequency. The large range of bandwidth can be justified by examples of power spectrum collected from in vivo human data (Fig. 3) . From the backscattering spectra, it is reasonable to analyze the spectrum between 0.5 MHz and 11 MHz.
The spectrum dispersion s s 2 ( ) can be calculated from the mean central frequency (f c ) using the moment analysis; f c describes the spectrum central frequency, which is the average of the frequencies present in a window. It is known that higher frequency components are attenuated more than lower frequency components as the ultrasound pulse travels through tissue and that the attenuation is tissue-dependent. The rate of change of f c is directly proportional to attenuation, so it may be related to tissue types; f c can be calculated using a moment analysis [33] , [22] . In moment analysis, the jth moment m j is calculated as follows:
where S(f) is the amplitude of the spectrum and f j is the jth power of f. By using (2), f c is expressed by the zeroth moment (m 0 ) and first moment (m 1 ) of the spectrum [33] as
according to Fink et al. [33] , s s 2 can be calculated using the zeroth and second moment (m 2 ) of the spectrum and f c given by
B. Noise Reduction Using Spatial Compounding
spatial compounding is applied to the values of spectrum dispersion s s 2 as shown in Fig. 4 . rF data are first obtained from 11 different steering angles by beam steering of the transducer. For each steering angle θ, s s 2 is calculated from each rF scan line as described above. as a result, 11, 2-d spectrum property images, whose width is the number of rF scan lines and height is the number of sTFT windows, are computed for s s
2
. The values of s s 2 are presented as 2-d images by mapping to gray scale. We will refer to these 2-d images of the spectrum property as a "parametric image" throughout the paper. In the end, the parametric image of s s 2 is converted from raw data coordinates to real spatial coordinates using the geometry of the probe and steering angle, then averaged together (compounded) to form a single compound image.
C. Comparison Between Conventional and Compound Spectrum
compound imaging sequences are composed of 11 steering angles from −10° to 10° with a 2° step [34] . It is expected that compounding will reduce noise in measurements of s s 2 parametric image as the number of compounding frames increases. The parametric image of s s 2 obtained from one angle (0°) is often noisy as seen in Fig. 5 . For example, a lack of uniformity is observed at the triceps, as shown in Fig. 5(b) , and the thigh, as shown in Fig. 5(c) . at these 2 sites, the subcutaneous fat is less homogeneous than at the suprailiac site, as shown in Fig.  5(a) . The estimation of the power spectrum is affected by speckle noise, but the spatial compounding reduces speckle noise in the parametric image of s s 2 by averaging its values obtained from different angles. regions are smoother and less erratic after spatial compounding; the characteristics of fat are differentiated from other tissues after spatial compounding.
The parametric image of s s 2 shows that its values decrease when depth increases, and its values are relatively higher in the fat tissue than other tissues. The discontinuity of their values is also observed at the fat boundary. It is also observed that the structure of subcutaneous fat affects the appearance of s s 2 . For example, the B-mode image of Fig. 5(b) shows that the subcutaneous fat is less homogeneous in the triceps when compared with that of the suprailiac site, as shown in Fig. 5(a) . dense fibrous membranes of connective tissue are also observed in the middle of the fat layer at the triceps. at regions near the connective tissue, sudden changes occur in the values in s s 2 . The fibrous membranes are the source of inhomogeneity in the fat tissue and the cause of abrupt changes in the spectrum. In general, s s 2 shows characteristics of subcutaneous fat. as observed, the subcutaneous fat layers have relatively higher values of s s 2 than other tissues.
D. Histogram Analysis on Compound Parametric Images
The histograms (Fig. 6 ) of s s 2 show that the gray intensity pixel values of the fat tissue change more rapidly than that of the nonfat tissue. In the histogram of s s 2 , the left sides of the vertical threshold line are pixels that are labeled as nonfat tissue, and the right sides of the vertical threshold line are pixels that are labeled as fat tissue. The pixels in the fat region, which are brighter in gray intensity, have a wider range of gray intensity values than that of the nonfat region, which are darker in gray intensity. The pixels from the nonfat region make up a main peak in the histogram and the pixels from the fat region make up a tail in the histogram. The main peak corresponds to a slow change in pixel values, and the long tail corresponds to a fast change in pixel values.
We suggest that a relatively more rapid change in the pixel values of s s 2 at the subcutaneous fat layer is observed compared with other tissue layers because the fat tissue constitutes 2 very distinct components: the fat cells and connective tissue. We previously discussed the structure of the subcutaneous fat and stated that the fat cells in the subcutaneous fat layer are held together by connective tissue. The large-scale variation in speed of sound between fat and connective tissue (~1480 ms −1 vs. ~1631 ms −1 ) imposes more fluctuations in the power spectrum and can distort the ultrasound wavefront. as suggested by Hinkelman et al. [15] , the subcutaneous fat produces a greater energy level and waveform distortion than muscle when they investigated the effect of abdominal wall morphology on ultrasonic pulse distortion. Therefore, we imply that the high variation in the tissue structure of subcutaneous fat causes more fluctuations in the received spectrum, and this results in a greater change in the spectrum dispersion.
III. Proposed Framework for Human subcutaneous Fat detection
The proposed segmentation framework consists of 4 steps: the data capture, the calculation of spectrum dispersion, the preprocessing of the spectrum dispersion map, and the segmentation.
A. Data Capture rF data were captured by using an Ultrasonix Es500 rP (Ultrasonix Medical corporation, Burnaby, Bc) with an l9-4 linear transducer. The l9-4 linear transducer operates in a frequency range between 4 and 9 MHz. In our experiment, the central transducer frequency was set to 6.6 MHz. The research package of the Es500 rP allowed us to build software for direct control of the number and step size of compounding angle and the number of foci.
The data scanning depth was 50 mm, and the scanning width was 38 mm. Each frame of rF data consisted of 127 rF scan lines, and each scan line consisted of 2560 data points. Eleven compounding angles at a 2° step size were used for the human experiments. data were captured at focus depths from 10 mm to 40 mm in 10 mm increments. our ultrasound machine had only one focal point in the rF data capture mode; however, fat thicknesses are different among people, and the focus at a fixed position may not be appropriate for all thicknesses. For the above reason, the use of multiple focal points at different depths is investigated by acquiring multiple rF lines for multiple focus points.
With the beam angle steering function, the current refresh rate in capturing a frame of rF data are 2 Hz with the size of rF data stated above. Frames of rF data were saved to files for offline processing in Matlab (MathWorks, natick, Ma).
B. Calculations of Spectrum Properties
The second step is to calculate the spectrum dispersion from rF data captured at each steering angle and focus position. The detailed calculations are described in section II-a.
C. Preprocessing of Spectrum Properties Map
The next step is the preprocessing step, which includes spatial compounding and combining data from multiplefocused parametric images. The location in the cartesian space is (x,y), the focal depth is z in millimeters, and θ is the angle of each beam steered data. The values of s q s x y z 2 ( , , , ) at each focus position are first spatially compounded by converting the parametric image from its data coordinates to the spatial coordinates and averaging the overlapping data at each pixel location. The parametric images captured at different focal positions are then combined by another averaging step. The resultant parametric image is normalized by rescaling the pixel intensity values of the spectrum dispersion map to the range of 0 to 1. a 3 × 3 gaussian filter is used on the results to remove noise. The compound, normalized, and filtered parametric image of s s x y 2 ( , ) is then used for segmentation.
D. Segmentation
The fat boundary was delineated from the parametric images by rosin's thresholding and random sample consensus (ransac) [35] . Fig. 7 illustrates the segmentation process.
1) Unimodal Thresholding:
Based on the visual observation of compound spectrum dispersion, unimodal thresholding is proposed to separate the subcutaneous fat layer and the nonfat layer. Using rosin's thresholding method, several assumptions are made on the parametric image of s s
:
1) The subcutaneous fat (with skin) is always the first top layer of tissue; therefore, it has a relatively higher value of s s 2 than the values of the following layer if no noise is present. 2) a main peak is always found in the intensity histogram and it is always much higher than the secondary peak (if exists).
The histogram is smoothed by a 5-point gaussian filter before the rosin's thresholding is applied. rosin's thresholding is simple but it assumes "there is one dominant population in the image that produces one main peak located at the lower end of the histogram relative to the secondary population" [36] . To locate the fat region, we need to find a consistent estimate of the separation line between fat in the histogram. The separation point in the histogram is defined as the threshold of the fat region. To locate the threshold in Fig. 6 , a straight line AB is drawn from the main peak A to point B, which is the first empty bin of the histogram following the last filled bin. The threshold is located by finding the maximum perpendicular distance from straight line AB as shown in Fig.  8(a) . In addition, we also consider bimodal cases, shown in Fig. 8(b) , where histogram intensity values may be larger than line AB. Because the threshold is most likely located at a concavity, histogram values that are greater than AB are not considered. The results of thresholding are stored in binary form.
2) Boundary Detection: Potential boundary candidates are obtained from the binary map (BM s s x y 2( , )) by differentiating the adjacent pixels. The binary map consists of only ones (fat) and zeros (nonfat); therefore, boundary candidates can be located at the transition from zero to one, or from one to zero. a transition of a pixel valued one to a pixel valued zero in the vertical direction denotes an existence of a boundary candidate in between the 2 vertically adjacent pixels. a transition of a pixel valued one to a pixel valued zero or a transition of a pixel valued zero to a pixel valued one in the horizontal direction denotes an existence of a boundary candidate in between the 2 horizontally adjacent pixels. In both vertical and horizontal directions, a transition happens when there is a difference in the binary values between the current and the next pixel and differentiation is used to extract boundary candidates.
The boundary candidates are then fitted by the ransac algorithm by assuming the fat boundary is a straight line. With the above assumption, our problem is to fit the edge candidates to a line whose equation is ax + by + c = 0. In the ransac algorithm, the following 3 parameters need to be determined:
• n is the smallest number of points required to fit the model.
• t is the threshold (in pixel) required to determine if the data fit well.
• k is the number of iterations required for the algorithm.
Parameter n is set to 2 because only 2 points are required to fit a straight line. By trial and error in our experiments, t equals 1 pixel is sufficient to determine the best fit. Parameter k can be found by considering the probability of k consecutive failures and the probability of good fit of a random data [37] . Therefore, the number of iterations required for the algorithm is
log log fail fit -
because we assume the probability of the failure P fail fitting is 1% and the probability of the fitting P fit is therefore 99%. The detected edges of the fat boundary may be incomplete; therefore, cubic spline interpolation was used to link broken edges and obtain the final fat boundary b x y s BM s 2 ( , ). The spline interpolation was chosen because the fat boundary is assumed to be smooth.
IV. User study: results and discussions nine volunteers-5 females and 4 males aged between 20 to 30-were recruited for the user study 1 . The study consisted of 2 parts: skinfold caliper measurements and ultrasound acquisition. The skinfold caliper test was carried out before the ultrasound tests to avoid bias of the operator performing skinfold measurements.
Measurements took place at 3 body sites: the suprailiac, triceps, and thigh. at the suprailiac site, the measurement was taken at above the crest of the ilium in a diagonal fold of skin. For the triceps, measurements were taken midway between the shoulder and elbow at the triceps. For the thigh, measurements were made midway between the inguinal crease and the proximal border of the patella. Both manual (on B-mode images) and automatic (on rF data) measurements were made from the ultrasound data. The same operator performed the manual ultrasound data and the skinfold caliper measurements. Fig. 9 illustrates some results from the fat detection algorithm using s s 2 for subcutaneous fat of different locations, thicknesses, and structures. The structure of fat tissue varies among subjects, and the fat tissue found at the suprailiac site is more homogeneous than that at the triceps and thigh. at the triceps and thigh, the structure is more complicated than at the suprailiac because more fi- brous membranes are dispersed within the fat tissue. The length, density, and thickness of fibrous tissue membranes vary in these examples; however, the proposed fat detection algorithm is able to identify the location of the fat boundaries with varying degrees of accuracy.
A. Qualitative Results of Segmentation with s s 2
It is harder to detect the fascia boundary when the layer of fat is thin. as shown in the examples of Fig. 10 , the subcutaneous fat and the location of fascia are not obvious. The skin is close to the fascia, and the subcutaneous fat layer consists of dense fibrous connective tissues. Because only a small amount of fat tissue is observed between the skin and the fat boundary, it is hard to detect the fat boundary. In the above figures, our algorithm falsely detects the fat boundary at the location near the skin. The binary images of s s 2 show that there are too many boundary candidates, and this situation leads to errors in boundary detection.
B. Multiple Foci vs. Single Focus
The effect of using multiple foci to improve results was investigated because we assumed that thicknesses were different among people, and a focus at a fixed position might not be appropriate for all thicknesses. We evaluated the performance using 2 parameters: the average thickness error (d Err ) and the root mean square error (d rMs ) of the detected thickness [34] Bellisari et al. [38] evaluated the interobserver technical errors of manual ultrasound measurements and found that the absolute technical errors were 0.15 mm at the suprailiac site, 0.62 mm at the triceps site, and 0.13 mm at the midthigh site. our absolute mean values of d Err (−0.30 mm at the suprailiac, 0.80 mm at the triceps, and −0.09 mm at the thigh sites) obtained automatically at multiple foci are close to their results. The largest error is at the triceps in both our study and Bellisari's study.
despite not making a significant difference in the errors compared with multifocus capture, the thresholding result of s s 2 captured with a single focus occasionally underestimated the area of fat tissue. Underestimation occurs when the surface of the fascia was not well-defined and fibrous tissues appeared near the fascia (Fig. 11) . as a result, a fat layer with significant holes and boundary gaps appeared in the binary map of s s 2 obtained with a single focus; e.g., Fig. 11(a) . However, the holes are diminished after averaging s s 2 captured from multiple foci. Fig. 11 (b) shows a case where a thin layer of fibrous tissue appeared near the top right of the fascia. averaging the binary map of s s 2 with multiple foci reduced the gap near the fat boundary and corrected the location of the boundary detected. Fig. 11(c) shows another case that benefited from averaging s s 2 with multiple foci. as shown in the B-mode image, an obvious layer of fibrous tissue is found within the layer of fat, and the resulting binary map obtained with a single focus, Fig. 11(c) , was incorrect. The averaging technique was less sensitive to noise and thick fibrous connective tissue, and the detection of the fat boundary from the binary map was therefore improved.
C. Comparison with Skinfold Caliper
For the skinfold caliper and ultrasound measurements, 2 sets of results were both collected on the left and right sides of the aforementioned body sites.
The average thickness of the ultrasound boundary is compared with that established by the half-skinfold measurements. correlation between half-skinfold caliper and ultrasound measurements is computed by Pearson's linear coefficient. Half-skinfold caliper measurements are compared with ultrasound measurements obtained from manual segmentation and automatic detection, respectively. The linear relationship is presented by both the linear coefficient (r) and the equation of a linear regression. Fig.  12 shows the relationships at the suprailiac, triceps, and thigh sites.
The correlation coefficients r of automatic detection vs. half-skinfold caliper measurement and the values are 0.90, 0.72, and 0.89 at the suprailiac, triceps, and thigh sites, respectively. automatic detection gives a smaller value of r at the suprailiac site and triceps but a larger value at the thigh. The cyan boundary is the manual segmentation, and the red boundary is the automatic segmentation. image is the binary image of s s several researchers [3] , [19] , [39] [40] [41] have compared the correlation between the manual ultrasound and skinfold measurements at different body sites. Table I summarizes the correlation results between the manual ultrasound and skinfold measurements in past studies. Manual ultrasound and skinfold measurements are highly correlated (r ≥ 0.7) at the suprailiac, triceps, and thigh sites in past studies except for the study carried out at the suprailiac site (r > 0.5) by stevens-simon et al. [41] . This discrepancy may be due to the difficulty in obtaining skinfold caliper measurements at the suprailiac sites of pregnant women. other researchers using manual ultrasound methods have found that there is also a good correlation between the ultrasound and skinfold methods. although we cannot directly compare our correlation value r with that of other researchers because of differences in sample size, age, and gender of participants, our results show a high correlation between automatic ultrasound and skinfold caliper measurements.
D. Assumption in Speed of Sound
It is assumed that the speed of sound in soft tissues (1540 ms −1 ) is constant; however, the speed of sound is variable in different tissues and fat tissue has a relatively low speed of sound (~1480 ms −1 ). The variation in speed casts doubt on the accuracy of spatial thickness measurements, and the boundary can be displaced by around 4%; i.e., (1540-1480)/1540. Therefore, the absolute thickness error increases when the fat thickness increases and is therefore included in the given error values.
V. conclusions although the structure of human subcutaneous fat varies with body location and subject, a new detection method using spatial compound parametric images of ultrasound rF spectrum properties can be used to segment the subcutaneous fat layer at the suprailiac, triceps, and thigh sites. From the histograms of the parametric images of the spectrum dispersion, we noticed that the grayintensity value of fat pixels is higher than that of the nonfat tissues, and it changes more rapidly than those of other tissue layers. We also suggested that this relatively rapid change is due to the fat tissue being composed of 2 structures: the fat cells and fibrous connective tissue that are different in their acoustic properties. Based on our visual observation on the parametric images of the spectrum dispersion, the segmentation algorithm was based on thresholding and boundary detection to extract the subcutaneous fat and to calculate the average fat thickness. The main contribution of this work is the development of an automated technique for determining the human subcutaneous fat layer using clinical ultrasound. our evaluations with the skinfold caliper measurements gave comparable results with the manual ultrasound measurements previously studied. Volz and ostrove [19] Bullen et al.
[39]
Fanelli and Kuczmarski [40] stevens-simon et al. [41] ramirez [3] overall, we found that it was more difficult to detect fat boundary when the fat layer was thin or in the presence of thicker, extraneous fibrous membranes. If a fat layer was homogeneous with less and thinner fibrous membranes, our method would be more robust because s s 2 was less noisy; however, if fibrous membranes appear in the middle of a homogeneous layer, s s 2 was interfered with and changed randomly. The structure of the fat tissue is the main factor affecting the efficiency of the segmentation. our fat detection technique has several limitations. First, the current subcutaneous fat segmentation technique depends in part on the transducer positioning skills of the operator. For instance, the operator has to position the transducer roughly perpendicular to the skin surface for maximum reflection from the fascia and must avoid significant compression of the fat by pressing lightly with the probe and observing little compression in the B-mode images.
second, fibrous connective tissues dispersed within the fat tissues appear shorter in length, smaller in volume, and less continuous than the fascia, which is a continuous sheet of tissue. Viewing shorter and less continuous tissue at different angles or positions will generate different appearances. Therefore, further investigation will be made to improve the detection accuracy from different viewing angles.
Furthermore, the experiment was conducted with the ultrasound frequency at 6.6 MHz, and the thickest sampled fat thickness was smaller than 30 mm. Because the frequency of ultrasound affects the penetration ability, a lower frequency is needed for greater depths so the focal size increases and resolution decreases. It means the efficiency of the thresholding algorithm is uncertain as the fat thickness increases. More investigations will be conducted to assess the range of fat thickness that can be measured from the histogram. references
